ABSTRACT The cornerstone of modern finance is the efficient market hypothesis. Under this hypothesis all information available about a financial asset is immediately incorporated into its price dynamics by fully rational investors. In contrast to this hypothesis many studies have pointed out behavioral biases in investors. Recently it has become possible to access databases that track the trading decisions of investors. Studies of such databases have shown that investors acting in a financial market are highly heterogeneous among them, and that heterogeneity is a common characteristic of many financial markets. The article describes an empirical study of the daily trading decisions of all Finnish investors investing Nokia stock over a time period of 15 years. The investigation is performed by adapting and using methods and tools in network science. By investigating daily trading decisions, and by constructing the time-evolution of statistically validated networks of investors, clusters of investors-and their time evolution-which are characterized by similar trading profiles are detected. These clusters are performing distinct trading decisions on time scales ranging from several months to twelve years. These empirical observations show the presence of an ecology of groups of investors characterized by different attributes and by various investment styles over many years. Some of the detected clusters present a persistent over-expression of specific investor categories. The study shows that the logarithm of the ratio of pairs of statistically validated trading decisions is different for different values of the market volatility. These findings suggest that an ecology of investors is present in financial markets and that groups of traders are always competing, adopting, using and eventually discarding new investment strategies. This adaptation process is observed over a multiplicity of time scales, and is compatible with several conclusions of behavioral finance and with the assumptions of the so-called adaptive market hypothesis.
Introduction
T he efficient market hypothesis (Fama, 1970; Fama, 1991) states that information about the present and future states of the world impacting the price of financial assets are immediately incorporated into their price dynamics. Within this hypothesis it is possible to describe the trading decisions of market participants in terms of those of a representative agent subsuming the diverse characteristics of traders. On the other hand, many empirical and theoretical studies have highlighted the presence of a high degree of heterogeneity in the nature and trading styles of investors. Some studies have pointed out specific trading profiles held by institutional and individual investors (Lakonishok and Maberly, 1990; Lakonishok et al. 1992; Nofsinger and Sias, 1999; Barber and Odean, 2007; Barber et al. 2008; Kirilenko et al. 2017) .
Another conceptual framework assuming heterogeneity of traders is that of market microstructure. This research area of finance hypothesizes the presence of different types of traders, e.g., informed, non-informed and market makers in its models (Kyle, 1985; O'hara, 1995) . This heterogeneity has been investigated in several market microstructure studies (Bouchaud et al. 2009) . A number of researchers have characterized investors by using the stylized concepts of fundamentalists, i.e., investors considering the fundamentals of the company of the considered financial asset, and chartists or noise traders, i.e., investors focusing on idiosyncratic reasons and/or on historical patterns of return and other market indicators such as volume and volatility (Black, 1986; Kirman, 1993; Brock and Hommes, 1998; Lux and Marchesi, 1999) .
Behavioral finance has pointed out specific traits of households investors (Shiller 2003; Thaler, 2005) characterizing their trading decisions. A large amount of empirical evidence shows that households present behavioral characteristics that cannot be straightforwardly explained in terms of financial theory (Campbell, 2006 ). An early piece of evidence of behavioral bias in households investors was the discovery of the so-called disposition effect, i.e., the observation that retail investors have a preferential tendency to sell stocks that keep going up in price and hold those that keep going down (Odean, 1998; Feng and Seasholes, 2005; Dorn et al. 2008) . Another robust stylized observation concerns the degree of portfolio diversification (Grinblatt and Keloharju, 2000; Campbell, 2006; Calvet et al. 2007; Goetzmann and Kumar, 2008) . In fact, households on average invest in portfolios with a number of stocks that is much less than the number of stocks in portfolios of other categories of investors. Empirical investigations also point out a limited level of financial competence and the so-called home bias (Grinblatt and Keloharju, 2001; Graham et al. 2009 ), i.e., the preference towards stocks of companies that are regionally closer to the residence of the investor. Other studies have also considered the ability of household investors to overcome their behavioral biases (Feng and Seasholes, 2005) and to learn (Seru et al. 2009 ) from their trading history. Other studies have considered the trading frequency of retail investors. Specifically, scholars have investigated whether retail investors are trading too much (Odean 1999; Gervais and Odean, 2001; Dorn and Huberman, 2005; Glaser and Weber, 2007; Graham et al. 2009 ).
The heterogeneity of investors supports the existence of a market ecology of different traders (Farmer and Lo, 1999; Farmer 2002) . The term market ecology (Farmer, 2002; Challet et al. 2005; Bouchaud et al. 2018 ) was introduced in the finance literature (Farmer, 2002) for two main reasons. Firstly, as in biological sciences, it draws attention to the relationships of market participants amongst themselves and within the financial and economic environment, e.g., evaluation of endogenous market information and/or evaluation and processing of exogenous information arriving into the market. Secondly, an ecological setting considers "species" of investors and studies their trading decisions without necessarily performing a modeling of the reasons why certain categories of investors are present in the market (Farmer, 2002) .
The existence of a market ecology of investors is compatible with some assumptions of behavioral finance. A market ecology also provides a framework for the adaptive markets hypothesis (AMH) (Lo, 2004) . In the AMH financial markets are only marginally efficient and groups of traders are competing amongst themselves by inventing, using, adopting, and discarding investment strategies. This adaptation process usually presents multiple time scales.
The investigation of investors acting in financial markets has also been performed within interdisciplinary studies jointly using concepts of finance, computer science, statistical physics, and network science (Newman, 2010 , Barabasi, 2016 . For example, Morton de Lachapelle and Challet, 2010 studied the heterogeneity of the average portfolio value of individual investors trading through the largest online Swiss broker; Tumminello et al. (2012) detected clusters of investors characterized by a high degree of similarity in their trading decisions; Fei and Zhou (2013) studied the trading profile of packages traded by two broad categories of investors operating in the Chinese stock market; Challet and Morton de Lachapelle (2013) presented an analysis of investment fluxes of individual investors, companies, and asset managers that were clients of an online broker and detected robust evidence of the contrarian attitude of retail investors; Bohlin and Rosvall (2014) investigated the relationship between the similarity of portfolios and the similarity in trading decisions for Swedish investors; Lillo et al. (2015) studied how the presence of news about a given stock impacts the trading decisions of different categories of investors, and Musciotto et al. (2016) obtained clusters of investors characterized by analogous trading profiles by using two different statistical methodologies.
Most of the studies on empirical investigations of the trading decisions of individual investors have been performed by covering relatively limited periods of time. Here we study the long-term dynamics of trading decisions of groups of Finnish investors investing into the Nokia stock. Our study covers the 15 year time period from 1/1995 to 12/2009. During the investigated years, Nokia stock was one of the most capitalized and liquid stock traded on the Nordic Stock Exchange. The Nokia stock was also traded in several other stock exchanges around the world. Due to the details of the investigated database we are able to track and analyze trading decision of investors on a daily basis for a time period of 15 years (see the section of dataset and methodology for details). Investors are classified in six broad categories defined as financial corporations, households, governmental organizations, foreign organizations, non-financial corporations, and non-profit organizations on the basis of legal information.
In the present study, we adapt and use the methodology of statistically validated networks (Tumminello et al. 2011a ) on a yearly time base (i.e., by using approximately 250 trading records per year). Statistically validated networks have been introduced in network science to highlight over-expressed relationships observed between pair of agents of a complex system when repeated interactions are performed among them. A specific property of this approach is that the methodology is designed to minimize false positives related to heterogeneity of the actors or to familywise error. In the present study, agents are Nokia investors and repeated interactions are buying, selling or buyingselling trading decisions of Nokia shares.
With this approach, for each calendar year we detect groups of heterogeneous investors that are presenting similar timing and profile of trading decisions and we investigate their time evolution over the years. We discover that the market of Nokia shares presents an ecology of groups of investors that are active over the years and are characterized by different attributes. The time scales of the profile of their trading decisions are ranging from a few months to twelve years. The different groups of investors evolving over time often present an over-expression of investors belonging to a specific category. Our empirical results show the presence of an ecology of investors characterized by dynamics with time scales ranging from several months to a decade.
The paper is organized as follows. In section Dataset and methodology we describe the database and our methodology of statistically validated networks. We discuss how the methodology is based on concepts and tools in network science. In section Results, we present the obtained results, discuss the statistical power of the test, and visualize the obtained results. The Dynamics of statistically validated networks of investors is investigated in the next section. The section on Long term ecology of clusters investigates the time evolution of clusters and characterizes chains of clusters in terms of four attributes of investors. The role of market volatility is also discussed in this section. The last section presents conclusions.
Dataset and methodology
Dataset. In this paper we investigate the daily trading decisions of investors (corporations, organizations, and individuals) trading the Nokia stock during the time period from January 1995 to December 2009. Our data source is the financial asset ownership database collected by Euroclear Finland (previously Nordic Central Securities Depository Finland). This database is obtained from the central register of shareholdings for Finnish financial assets recorded at the Finnish Central Securities Depository. The register records the shareholdings (both institutional and retail) of all Finnish investors and of those foreign investors exercising their vote right. The database is updated on a daily basis. Recorded transactions cover the Nordic Stock Exchange and worldwide stock exchanges where Nokia stock was traded in the considered period of time.
In our study, each investor is identified by a unique legal entity. Euroclear Finland classifies investors into six broad categories; they are: non-financial corporations, financial and insurance corporations, general governmental organizations, non-profit institutions, households, and foreign organizations. The starting date of the database is January 1st, 1995. The database was updated from the starting date until 2009 by considering each market transaction done by investors. At the end of 2009 technical changes in recording the date of transactions and aggregation of market transactions of the same investors limit the usability of the data. Due to this technical change, even though the data is available up to the current date, we study the period 1995-2009. Several studies have used this database to investigate characteristics of the investment decisions of distinct categories of investors. A series of studies has been performed by Grinblatt and Keloharju (Grinblatt and Keloharju, 2000; Grinblatt and Keloharju, 2009 ) primarily focusing on the trading style of individual and institutional investors, and on behavioral aspects in investors of the households category. Other studies have considered the synchronicity of trading decisions of investors (Tumminello et al. 2012; Musciotto et al. 2016) , and the reaction of different categories of investors to endogenous and exogenous flow of market information (Lillo et al. 2015) .
Legal considerations impact the way the database is designed and information is stored. For example, information about Finnish domestic investors (or foreign investors asking to exercise their vote right) and foreign investors can be stored in a quite different way. In fact, foreign investors can choose to use nominee registration. In this last case, the provider of the investor's ownership, for example a bank, can aggregate all transactions from all of its accounts, and a single nominee register coded identity contains the holdings of several foreign investors.
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One key aspect of the trading activity of investors is heterogeneity. For example, there are investors which are acting only a few times during the considered time period and investors trading continuously. A summary statistics about the number of investors trading the Nokia stock over the investigated years is given in Table I and in Table II of SI. We are performing our analysis yearly. To quantify similarity in the trading decisions we require that an investor has performed a minimum number of trading decisions in each analyzed calendar year. For this reason, we select a set of investors called "active" investors; they are those investors that have done more than five transactions in a given calendar year. The summary statistics of this subset of investors is given in Table II of SI. A comparison between Table I and Table  II of SI shows that the number of active investors is a rather limited fraction of the set of investors. On average active investors are approximately only 12.0% of the total number of investors. However this percentage primarily reflects the percentage of active households (10.4%) which is the most populated category of investors. When we consider the average percentage of active investors for other categories we obtain 57.3% for financial corporations, 55.6% for governmental organization, 23.8% for non-financial corporations, 15.2% for non-profit institutions, and 13.4% for foreign organizations. In other words corporations, institutions and organizations are on average more active than households and among the institutions and organizations, financial corporations and governmental organizations are the most active.
Methodology.
In this paper, we analyze the synchronous trading decisions of investors by using concepts and tools of complex networks (Newman, 2010; Barabasi, 2016) . In our approach, for each calendar year, we define a bipartite network where one set of the nodes are investors and the other set of nodes are three types of trading decisions for each trading day. As frequently done in network science (Newman, 2010; Barabasi, 2016) from the bipartite network one obtains a projected network with nodes of just one type. Here we are considering the projected network of investors having performed the same trading decision of buying, selling, and buying and selling (see below for a quantitative definition) in at least one trading day. For such a liquid stock as Nokia, the projected network is rather dense. Many active investors are making the same trading decision in at least one day. These networks are therefore not especially informative regarding the high similarity of trading decision of groups of investors connected in the projected networks. To highlight pairs of investors that are characterized by a number of co-occurences of trading decisions that cannot be explained in terms of a random null hypothesis, we use the method of statistically validated networks Tumminello et al. (2011a) . With this methodology, introduced in (Tumminello et al. 2012 ) and applied to Nokia investors in Musciotto et al. (2016) , it is in fact possible to select those pairs of investors performing similar trading choices within a highly controlled statistical procedure that is robust with respect to the heterogeneity of the system. For the sake of completeness, we briefly sketch the statistical procedure below.
In statistics, a categorical variable can take a limited number of values describing a qualitative property. Specifically, we use a categorical variable describing the daily trading decisions of an investor. Our categorical variable is defined as follows: let us call V s (i,t) the volume sold and V b (i,t) the volume purchased of Nokia stock by the investor i at day t. We convert these quantities into a categorical variable with 3 possible states: investor primarily buying b, investor primarily selling s, and investor buying and selling bs during the trading day. The categorical variable is computed starting from the real quantity
When the condition r(i,t)>θ is verified, we consider investor i at day t in state b as primarily buying. A primarily selling state s is assigned when r(i,t)<−θ, whereas a buying and selling state bs is assigned when −θ /le r(i,t) /le θ with V b (i,t)>0 and V s (i,t)>0. In the present study, the categorical variable is obtained by setting θ = 0.01 as threshold value.
Statistically validated networks of investors. For each calendar year, we obtain a statistically validated network by performing the following procedure: For each pair i and j of active investors we estimate the overlap of their time periods of trading; this overlap N T is the number of days that are common between the two time intervals delimited by the first and last transaction performed by each investor during the considered calendar year. We call N A the number of days when investor i is in the state A and N B the number of days when investor j is in the state B. N A,B is the number of days with the simultaneous co-occurrence of state A for investor i and state B for investor J. Under a null hypothesis assuming random co-occurrence, the probability of observing X simultaneous co-occurrences of states A and B is given by the hypergeometric distribution H(X|N T ,N A ,N B ) (Tumminello et al. 2011a) . By using the probability of X co-occurrences, one can obtain a p-value.
For each pair of states A and B and for each pair of investors i and j, the p-value of observing N A,B co-occurrences or more is
We are considering three different trading states labeled as b (buying), s (selling), and bs (buying and selling). By investigating three trading states, we have nine combinations of co-occurrences of trading states involving each pair of investors i and j. For each calendar year, we are therefore performing a very large number of statistical tests and so to avoid false positives we need to take into account a multiple hypothesis test correction (Miller, 1981) . In statistics, the most used procedures for the control of the familywise error rate are the Bonferroni correction and the control of the False Discovery Rate (FDR). The Bonferroni correction uses the most general assumptions. It minimizes the number of false positives but does not provide sufficient statistical accuracy in several cases. This is due to the fact that it usually allows a large number of false negatives. The FDR correction (Benjamini and Hochberg, 1995) reduces the number of false negatives without significantly increasing the number of false positives.
The Bonferroni correction is obtained by redefining the statistical threshold. In our study we use as the statistical threshold of a single statistical test the customary value of α = 0.01. For each year t we use as the Bonferroni statistical threshold the value α b = 0.01/N t , where N t is the number of pairs of active investors trading Nokia with at least one simultaneous trading day of activity. The control of the FDR is obtained with the following procedure: we first rank in increasing order all p-values obtained by considering all the l performed tests where l = 9N t (N t −1). This gives us the ranked sequence P 1 <P 2 <…<P l . We then select the tests rejecting the null hypothesis by selecting the largest l max such that p ' max <' max α b . In this paper we use the control of the FDR as multiple hypothesis test correction.
Results
Households are the largest group of active investors and therefore an unconditional investigation is essentially reflecting their behavior. To discriminate among different categories of investors, in Fig. 1 we show the number of investors, the number of active investors, and the number of FDR investors (i.e., the number of investors observed in the statistically validated networks) as a function of calendar year for each of the six categories of the database. Figure 1 shows that households are primarily determining the unconditional statistics of the number of investors present in statistically validated networks (see the close analogy of the households panel of Fig. 1 with Fig. SI1 of SI) , non-financial corporations show an overall profile analogous to the one observed for households whereas the remaining categories show patterns that are only roughly similar to the ones of households and non-financial corporations.
Our investigation covers 15 years and we obtain a statistically validated network of active investors for each calendar year. In network science, the internal structure of networks is customarily investigated by detecting regions of the network where the nodes (in our case investors) are strongly interconnected with one another. An unsupervised detection of these regions is done by performing the so-called community detection procedures. The name originates from the fact that these techniques were originally introduced for the study of social networks. To highlight clusters of investors characterized by analogous trading decisions we apply the widely used Infomap community detection algorithm (Rosvall and Bergstrom, 2007) . We consider each statistically validated network as a weighted network, i.e., we assign a weight to each link. This is done by defining the weight of each link connecting investors i and j as the number of statistically validated co-occurrences between them of the nine possible pairs of trading states. The majority of links have weights equal to one but links with weight equal to two are also observed.
In Table 1 Table II of the SI shows that the number of active investors is varying by more than one order of magnitude. In fact it is ranging from 764 in 1995 to 9651 in 2002. The statistical test used to obtain statistically validated networks has a power that is depending on the number of nodes (i.e., investors). In the next subsection we investigate whether the power of the test affects our results.
Power of the test. The first evidence that results of statistically validated networks are not affected by the power of the test can be concluded by analyzing the ratio of validated links to the total links observed for the different calendar years. This ratio is shown in Fig. 2 as red points. It is worth noting that although the year with the highest number of observed links is 2002 (see Table II of SI) and the power of the test is expected to be maximum for this year, the highest value of the ratio is observed in 2005. In order to assess the role of the power of the test in a rigorous way, we have designed the following numerical experiment. For each year, we have drawn ten random samples of fixed size from the pool of all the links that are present in the projected network of investors. When drawing the samples we have maintained the proportion of links among investors of the different categories as observed in the original set. For each random sample, we have obtained the corresponding statistically validated network. Figure 2 plots the ratio of validated links to total links both for the randomly selected samples (blue points) and for the whole system (red points). The random samples used in our numerical experiment contain all 1,000,000 links and therefore the test has the same power. The figure shows that the power of the test does not affect the estimation of the ratio of validated links to total links when we consider samples with a number of links equal to or larger than 1,000,000 and we use the FDR correction. This numerical experiment demonstrates that the dynamics of the size of statistically validated networks observed at different years are genuine dynamics of the financial market and of investors' activity and it is not an artefact of the power of the test used.
Quantifying and visualizing the similarity of trading decisions of clusters. With our approach, for each calendar year we detect clusters whose investors are characterized by a high degree of similarity in their trading decisions. To quantify the similarity of collective trading decisions of different clusters we devise the following procedure. For each cluster we compute a vector where each record counts the number of investors of the cluster that are in state b, s, or bs each trading day of the calendar year. Such a vector has approximately 750 records (the exact number depends on the exact number of trading days of the considered year). The similarity between each pair of clusters is evaluated by estimating the Pearson's correlation coefficient between the vectors of Year  II  III  IV  V  VI  VII  VIII  1995  66  28  0  0  0  0  4  1996  100  33  3  0  28  0  12  1997  174  60  5  2  41  21  12  1998  301  81  12  4  129  39  26  1999  444  115  17  3  205  53  31  2000  602  172  23  7  238  90  22  2001  1082  282  34  13  471  278  39  2002  1760  333  75  19  1108  565  163  2003  3618  509  186  22  2715  1201  309  2004  2803  419  121  22  2019  1017  216  2005  2505  313  109  15  1946  1069  425  2006  542  123  23  8  290  136  31  2007  622  136  30  8  346  177  54  2008  1053  206  46  8  654  256  101  2009  1324  278  57  4  761  178  92 The trading decisions of the two clusters. A simple and efficient way to highlight the main similarities present between the investment activity of different clusters is through the minimum spanning tree (MST) associated with the correlation coefficient matrix of all clusters of a given calendar year (Mantegna, 1999) . In Fig. 3 we show the MST of investors' clusters for 2005. Figure 3 is representative of the MSTs observed in different years. In the figure the first number of the cluster label is a numeric label and the second number are the last two digits of the calendar year. For example the cluster 0_05 is the cluster number 0 of 2005. It is worth noting that some clusters, for example clusters 0_05, 1_05, and 3_05, are located in distinct branches of the MST highlighting potential dissimilarity among them. In our analysis, we also investigate whether each cluster presents an over-expression of the number of investors of a given category. The statistical test used to perform this kind of analysis is described in (Tumminello et al., 2011b) . It should be noted that the result of this statistical test is providing the over-expression of the number of investors belonging to a specific category with respect to a null hypothesis assuming a heterogeneous number of investors in the different categories. When the over-expression is detected, we label the symbol of the cluster with a given color. For example the cluster 0_05 has an over-expression of households (cyan color) and of non-financial corporations (green color).
Other clusters showing over-expression of some category of investors are clusters 1_05 (households over-expression), 3_05 (households over-expression), 6_05 (governmental over-expression, label in gray color), and 27_05 (financial over-expression, label in red color).
In Fig. 4 we provide a direct visualization of a few types of synchronicity of trading decisions of investors belonging to six representative clusters of 2005. In the horizontal axis we have distinct investors of the cluster whereas we have the trading day in the vertical axis. In the figure we label a buying day of an investor with a green spot, a red spot indicates a selling day, a white spot is used when the investor performs a buy-selling activity during the day, and a black spot indicates the absence of trading. Visual inspection of Fig. 4 suggests that the trading strategy of the six selected clusters is rather different under many aspects. The most evident ones concern the frequency of trading, the number of investors, and the specific sequence of buy, sell, and buy-sell trading decisions. For example, clusters 0_05 and 2_05 are characterized by a low frequency of trading. On the contrary, 27_05 and 1_05 are characterized by a high frequency of trading whereas 3_05 and 6_05 show an intermediate level. Similarity of the profile is often related to synchronous buying (green lines) and selling (red lines) trading decisions. However synchronous buying and selling 
Dynamics of statistically validated networks of investors
The investors' composition and investment profile of clusters are changing year after year. To relate investors of a cluster in a given year to investors of clusters in the successive year, we use a statistical test of the over-representation of the number of investors that are present in both clusters against a null hypothesis that takes into account the heterogeneity of the size of the clusters. We perform the test as indicated in (Marotta et al. 2015) . The test is performed on all clusters with more than five investors. For the sake of completeness, hereafter we briefly describe the procedure of the statistical test about time dynamics of clusters. . By using this probability, one can obtain a p-value associated with the observation of n k;kþ1 ij or more co-occurrences of investors. The p-value is
This methodology (Marotta et al. 2015) allows us to select clusters in year k+1 that present an over-expressed number of investors that were also present in clusters at year k. When the pvalue is below a statistical threshold we connect with a directed link the clusters selected by the statistical test. Also in this case we are performing a multiple comparison procedure and therefore a multiple hypothesis test correction is necessary. We perform these tests for all pairs of consecutive years from 1995 to 2009 by using the control of the FDR procedure with a threshold given by
Several clusters' pairs present over-expression of the presence of same investors in a cluster m at year k and in a cluster n at year k+1. When this is the case we connect with a direct link cluster m_k with cluster n_k+1. Roughly twenty percent of clusters with more than 5 investors are connected with at least one cluster of next calendar year. We address these clusters whose time evolution is validated by a statistical test as chained clusters. Several of these chained clusters have a large number of investors. In fact chained clusters comprise approximately from 20 to 50 percent of the number of investors that are present in clusters with more than 5 investors. The details about the number of clusters and investors for both chained and all clusters are given in Table 1 .
In Fig. 5 we show the time evolution of these clusters. The time duration of the observed cluster evolutions range from a minimum of 2 years to a maximum of 12 years (see the cluster evolution starting from 7_98 and ending at 34_09). We also observe the coalescence of several clusters (see, for example, the coalescence of clusters 2_02, 3_02, 6_02, 22_02 and 34_02 into the cluster 0_03 in the middle of the figure) , and the splitting of a cluster in two clusters (e.g., the splitting of 1_05 into 1_06 and 5_06). When several clusters coalesce, they are characterized by a similarity between pairs of them that is typically higher than the similarity with other clusters. This is reflected in the corresponding MST where these clusters are located in a closely connected subnetwork of the tree. In Fig. SI2 of SI we show the MST for year 2002 where the above cited clusters are closely located.
For several chains of clusters, the dynamics of the chains present regularities with respect to the type of investors overexpressed in the clusters. In Fig. 5 we highlight those clusters that present an over-expression of the number of investors of a given category (or categories) by labeling the cluster with the corresponding color (or colors). We see that several chains of clusters show a persistent over-expression of specific categories of investors. The most prominent example is the cluster evolution starting from 7_98 and ending at 34_09. In all clusters of the chain we observe over-expression of governmental organizations (clusters labeled with gray) with the additional over-expression of non-profit institutions (clusters labeled with yellow color) in some years. We also observe chains of clusters characterized by over-expression of households (see, for example, the chain from 11_02 and 61_02 to 2_07 and 3_07 and the chain from 0_02 to 5_06 and 1_06), households and non-financial corporations (see the chain from 13_00 to 0_05), financial corporations (starting from 22_03 and ending at 42_05 and from 46_04 to 27_05), nonprofit institutions (see the chain from 13_07 to 10_09), or some combinations of the different categories.
The results summarized in Fig. 5 show that some clusters of investors use trading strategies coherently evolving over time on time scales up to several years. Moreover, some of these chains are characterized by over-expression of one or two categories of investors. In the next section, we analyze in detail some of these chains of clusters that are simultaneously present in the market. Our analysis shows that their trading decisions are markedly different from one another, confirming the existence of groups of investors simultaneously acting in the market with different approaches and strategies for long periods of time.
Long-term ecology of clusters
We analyze 4 different attributes that are chosen to characterize different aspects of investors and of their chosen trading strategies. The attributes we consider are: (i) the average pairwise distance d(i,j) between vectors of individual trading decisions of investors belonging to a cluster or to a group of clusters.
2 (ii) the average value of the ratio of number of trading days coinciding with earning announcement days divided by the total number of trading days, (iii) the average value of the number of stocks each investor of the cluster (or group of clusters) is investing in, and (iv) the average trading frequency of investors of the cluster (or group of clusters). The trading frequency of an investor is the ratio of the number of trading days he or she performed in the considered year divided by the total number of trading days of that year. Therefore, a trading frequency equal to one indicates trading activity of an investor that performed all trading days of the year. For each calendar year, these attributes are computed for each cluster (when the chain is involving just a single cluster per year) or group of clusters (when many clusters are part of a chain in a year, see for example clusters 8_01, 10_01 of the chain from 7_98 to 34_09). The average distance gives us information about the degree of dissimilarity observed between the trading decisions of each pair of investors in a cluster. The average value of the ratio of earning announcement trading days provides information concerning the relevance of these special days in the trading decisions. A high value of this attribute highlights attention to fundamental news and/or timing of trading decisions associated with market trading days typically characterized by over-reaction of the market. We consider the average number of stocks owned by investors as a proxy of their knowledge about basic financial concepts such as investment diversification. The average trading frequency tells us information about the time horizon of investors during the year. In Table 2 we report the 15-year average of the yearly average value of the four attributes for each category of investors. The Table shows that the average number of stocks in the portfolio of an investor is quite different for the different categories whereas the average distance between pairs of trading and the average of the ratio of earning announcement trading days is quite similar for all categories. The average frequency of trading is also quite similar for all categories of investors with the exception of financial corporations that are showing an average frequency of trading an order of magnitude higher than the other categories.
In Fig. 6 we show scatter plots of the 6 pairs of four attributes over the chain's time-span. For each calendar year, besides the average, we also present information about the dispersion of the observed value by showing two segments indicating the interval Fig. 6 Scatter plot of four attributes characterizing a cluster or a group of clusters for each year. Each segment covers the values from the first decile to the last one. Crosses shown in color refer to the cluster chains from 7_98 to 34_09 (red crosses), from 13_00 to 0_05 (yellow crosses), and from 0_02 to 1_06 and 5_06 (green crosses)
of the attribute's value from the first decile to the last one. All points and segments are provided in gray with the exception of tree groups of information referring to three specific cluster chains that are provided with crosses in color. The six panels of the figure show that the chain from 7_98 to 34_09 (red crosses), which is characterized by over-expression of investors belonging to governmental and non-profit institutions, presents attention to diversification (high value of the average number of stocks), low average frequency of trading (with two years of exception when an intermediate frequency of trading was chosen), moderate trading involvement during days of quarterly earnings, and relatively high similarity among investment profiles of investors. It is worth noting that points associated with this chain of clusters are quite distinct from the other two chains selected by us for illustrative purposes. Let us now consider the chain of clusters from 13_00 to 0_05 (yellow crosses). This chain is characterized by over-expression of households and non-financial corporations. Investors of this chain of clusters pay less attention than the previous ones to diversification. In fact they on average invest in portfolios with a number of stocks of the order of 15. Trading decisions are characterized by a low average frequency of trading and high involvement during days of quarterly earnings. The trading decisions present a high level of synchronicity as testified by the relatively low average distance between trading decisions of investors. The third chain describes the time evolution of clusters from 0_02 to 1_06 and 5_06 (green crosses). This chain is also characterized by over-expression of households. However, in spite of this common over-expression the time evolution of the chain of clusters is characterized by attributes that are quite different from the ones of the previous chain. Specifically, investors of this chain present moderate attention to diversification, relatively high average frequency of trading, low trading involvement during days of quarterly earnings, and a high average distance between trading decisions of investors (i.e., the trading decisions are rather heterogeneous in this case).
Our analysis therefore shows the presence of clusters of investors characterized by trading profiles that are different from one another, and that are observed in the market on time scales of many years or even decades.
The last investigation concerns the logarithm of the ratio of the number of validated links divided by the total number of links of the projected network of investors. We empirically observe a relationship between the logarithm of the ratio of validated links and the average daily volatility of Nokia's stock computed each calendar year (see Fig. 7 ). Figure 7 shows that the two quantities are anti-correlated. In fact the Pearson's correlation coefficient between them is −0.59. The presence of a pronounced empirical anti-correlation is not implying causation. However, this empirical correlation is consistent with a theoretical prediction obtained by Farmer, 2002 showing that the presence of a number of distinct trading strategies increases the volatility of the traded financial asset. In our empirical observation large clusters, i.e., a reduced number of similar strategies, are observed when the market is characterized by low values of volatility. In fact, years characterized by low market volatility are associated with high values of the logarithmic ratio and viceversa. Figure 7 also shows a rather peculiar pattern of the scatter plot. We observe that years (i) 2001, 2002, 2003, 2004, 2005, and 2008 and (ii) 1995, 1996, 1997, 1998, 1999, 2000, 2006, 2007, and 2009 are characterized by a quite different relationship. It is tempting to note that all the years of the onset of the dot-com financial bubble are in the second group but in the same group there are also years 2006, 2007, and 2009 . Currently, we do not have an explanation for this pattern of the scatter plot.
Conclusions
Our study shows that it is possible to use methods originally introduced in network science to detect clusters of investors characterized by similar trading decisions of a financial asset. A key aspect for the success of the methodology used is its effectiveness in the statistical validation of large sets of heterogeneous investors. In fact, an empirically observed common trait of financial markets is the heterogeneity of the investors acting in the market. The size, composition, and time dynamics of these clusters of investors presents a large variability in terms of attributes of the investors. We have empirically verified that investors are heterogeneous with respect to their type of legal entity, frequency of trading, attention to earning announcements, type of portfolio owned, and pattern of trading decisions. It is worth noting that, with our approach, we are reaching the limit of analyzing and classifying trading decisions at the micro level of each single financial agent acting in the market.
With our approach, we show that the detected heterogeneity of clusters evolves with a temporal dynamics with time scales ranging from several months to several years. The presence of such long time scales provides empirical evidence about the presence of a market ecology of investors. These time scales are many orders of magnitude larger than the time scales of the price dynamics of the financial asset. Inside the market, the aggregation process of the information is therefore performed by heterogeneous clusters of investors that are maintaining their identity and style of trading on time scales covering up to many years.
Our results show that market volatility and the amount of similar synchronous trading decisions of investors are significantly anti-correlated. Some theoretical models (Farmer, 2002) predict that trading heterogeneity increases market volatility. Our empirical observation is consistent with these theoretical findings although the detection of anti-correlation cannot be interpreted as an evidence of causality. Unfortunately, estimating causality (even at the level of Granger, 1969 causality) is much more difficult than estimating correlation between two empirically detected variables and the present state of the art of our methodology does not allow us to detect causality. We therefore cannot conclude from empirical data whether trading heterogeneity increases volatility or rather higher values of market volatility increases the heterogeneity of trading decisions.
We believe that our empirical observation of the existence of a long-term market ecology of investors challenges the basic setting of the efficient market hypothesis. Our empirical results are better interpreted in terms of the hypothesis that heterogeneous investors are ubiquitously present in a financial market. These heterogeneous groups of traders can be characterized by different needs and attributes and are continuously adopting, and discarding new trading strategies at different time scales. The large body of literature of behavioral finance shows that this process of innovation and evaluation of trading decisions is often done in the presence of behavioral biases or constraints associated with the specific nature of investors. For example household investors are taking trading decisions that can be markedly different from the ones taken by financial corporations or governmental organizations as shown by studies about the disposition effect or about the learning attitude of investors. The presence of different types of investors, and of different clusters of investors all acting in the financial market with distinct and slowly evolving types of trading decisions is more consistent with a description of market activity done in terms of a market ecology (Farmer and Lo, 1999; Farmer, 2002) where investors are subjected to an adaptation process controlled by the success of their trading decisions. In other words, our results empirically support the description of a financial market in terms of the adaptive market hypothesis (Lo, 2004) . Notes 1 To discriminate between the in-house trading activity of a financial corporation from its trading activity as nominee register we split the trading activity of a financial corporation into two distinct IDs. The first is recording its trading activity as an investor and the second one records the trades done for nominee registered (NR) investors. 2 The distance between investor i and j is measured first as a Jaccard similarity ρ J (i, j) and then transformed into a distance by using d i; j ð Þ ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi 2 1 À ρ J i; j ð Þ À Á q di,j=21-?Ji,j. Specifically, we estimate the Jaccard similarity between the binary activity vectors of investors i and j. A binary activity vector is obtained for each investor by recording the presence (state 1) or absence (state 0) of buying, selling, or buy selling activity for each trading day of the year
